The main focus of this article is to explore whether access to selected agricultural water management (AWM) technologies has led to significant reduction in poverty and, if they did so, to identify which technologies had higher impacts. In measuring impact we estimated the average treatment effect for the treated on crop income and measured the differences in consumption expenditures per adult equivalent of those with access and without access using matched data. The estimated average treatment effect was significant and amounted to USD 82 per season. Moreover, there was 24 less poverty incidence among users of AWM technologies compared to nonusers. All technologies were found to have significant poverty reducing impacts with micro dams, deep wells, river diversions, and ponds leading to 37%, 26%, 11%, and 9% reduction in poverty incidence compared to rainfed system. Finally, our study identified the most important correlates of poverty on the basis this we made the policy recommendations to build assets (AWM technologies, livestock, etc); to enhance human resource development and improve the functioning of labor markets for enhanced impact of AWM technologies on poverty.
Introduction
Farmers in rural Ethiopia live in a climate related risk-prone environment. The major source of climatic risk is the persistent fluctuation in the amount and distribution of rainfall Namara et al., 2006) . The dependence on highly variable rainfall increases farmers' vulnerability to shocks while also constraining them to use yield-enhancing modern inputs. This exacerbates the vulnerability of the households to poverty and food insecurity. Poverty in Ethiopia is, in fact, mainly rural; small-scale farmers are the largest group of poor people in Ethiopia (MoFED, 2006) .
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(AWM) technologies. Of late the focus has been on the development of small-scale micro water harvesting schemes (Van den Berg and Ruben, 2006) . This wide range of technologies collectively referred to as "smallholder water and land management systems" or AWM technologies, attempts to create opportunities for the poor and small landholders in accessing water, rain, or groundwater that, in turn, leads to increased crop production and income. These technologies are reported to be particularly suited to small, poor, and even landless households as the costs self-select the poor and have a strong land and water-augmentation effects (Hussain et al., 2001) . In this line, thousands of shallow wells and dozens of deep wells have been developed in Ethiopia since (Loulseged et al., 2008 . In Amhara and Tigray regional states alone altogether approximately 70,000 ponds and tanks were constructed in one fiscal year (Rämi, 2003) . There are currently an estimated 56,032 ha of modern small-scale irrigation schemes (Awulachew et al., 2007) and 483,472 ha traditional (Hagos et al., 2010) in Ethiopia, comprising micro dams and river diversions.
The development of these systems has required huge financial inputs from the government, whose food security budget has increased from year to year, a major chunk of which is used to promote different types of small scale water and land management systems (FDRE, 2004) . Despite these investments, their impact remains hardly understood, save the anecdotal evidences gathered here and there (Rämi, 2003) . Evidence on the impact of irrigation on poverty from Asia, whether from large or small systems, is plenty (Hussain et al., 2001 (Hussain et al., , 2006 Hussain, 2007; Huang et al., 2006; Namara et al., 2007b; Saleth et al., 2009 ) and the research findings consistently indicate that irrigation development alleviates poverty in rural areas of developing countries. Hussain and Hanjra (2004) reported that irrigation is productivity enhancing, growth promoting, and poverty reducing. The poverty impact of AWM technologies in Asia is also viewed in the same positive light. Hussain et al. (2001) reported that there has been an upsurge in the adoption of irrigation technologies such as lowcost pumps, treadle pumps, low-cost bucket and drip lines, sustainable land management practices, supplemental irrigation, and recharge and use of groundwater and water harvesting systems. Among the many studies that documented the poverty reduction impacts of micro-irrigation in Asia, the studies by Namara et al. (2007a) and Narayanamoorthy (2007) , both from India, reported that microirrigation technologies result in a significant productivity and economic gains. Shah et al. (2000) reported that treadle pump technology has had a tremendous impact in improving the livelihoods of the poor in Bangladesh, Eastern India, and the Nepal Terai, South Asia's so-called "poverty square."
As far as sub-Saharan Africa is concerned, a report by AfDB, FAO, IFAD, IWMI, and the World Bank (2007) documented that irrigated cropping in the region continues to be characterized by low productivity and hence low profitability with serious implications for poverty reduction and growth. There is an emerging literature in Africa, although still very scanty compared to the literatures from Asia, on the impact of smallscale AWM technologies on poverty (Hanjra and Gichuki, 2008; Hanjra et al., 2009; Namara et al., 2010) . Specific evidences from Tanzania suggest that acquisition of treadle pumps has enabled households to double their income (Van Koppen et al., 2005) . Similarly, the adoption of treadle pumps by farmers in Niger has resulted in significant positive impacts, in terms of improvement of labor efficiency, increase in area under cultivation, cropping intensity and production volume, and increase in farm income. The same study also showed that, in Nigeria, the use of low cost petrol pumps had a positive effect on its direct beneficiaries and slightly improved their situation in terms of income derived from irrigated fadama (irrigable land) farming (Van Koppen et al., 2005) . Adeoti et al. (2007) , exploring the impact of the use of treadle pump in Ghana, West Africa, found that the adoption of treadle pumps reduced poverty as measured by household income with positive impacts on human capital, that is, schooling of children and health.
This study also aims to contribute to the emerging literature (Bacha et al., 2011; Hanjira et al., 2009; Van den Berg and Ruben, 2006) by measuring the poverty impacts of selected AWM in Ethiopia. The data collected for this study is from those households with access (treatment) and without access (control) to AWM technologies, thus different compared to the previous studies, and we considered four regions and five different technologies. This study can contribute to the knowledge about AWM in Ethiopia. Because of the availability of treatment and control data, the article quantified the average treatment effect of those adopting selected AWM technologies on per capita income and differences in consumption expenditure per adult equivalent, as a measure of poverty, using matched data. Creating matched data, that is, comparable groups of households with access and without access to AWM technologies, is critical in assessing impact of interventions because impact estimates based on full (unmatched) samples are generally more biased (Rubin and Thomas, 2000) . Different water storage structures can have different effects on poverty; we considered five technologies, namely, rain water, ground-and surface-water harvesting using ponds, shallow and deep wells, river diversions, and small dams and saw their effect on crop income and consumption expenditure. Finally, the article assessed the contribution of access to AWM technologies and other correlates on poverty using a multivariate regression model on matched data.
Literature review
The Comprehensive Assessment of Water Management in Agriculture (IWMI, 2007, p. 149) states that "improving access to water and productivity in its use can contribute to greater food security, nutrition, health status, income and resilience in income, and consumption patterns. In turn, this can contribute to other improvements in financial, human, physical, and social capital simultaneously alleviating multiple dimensions of poverty". FAO (2008) also argued that well-targeted, local interventions in water can contribute to rapid improvements in livelihoods of the rural poor in Sub-Saharan Africa and help attain the Millennium Development Goals of eradicating extreme poverty and hunger. In fact, FAO (2008) identified better management of soil moisture and investment in water harvesting and small storage as two promising interventions in view of their poverty-reduction potential.
Pathways of contribution of irrigation on poverty are well summarized by Hanjra et al. (2009) . The pathways include higher production, income and consumption, higher employment and wage earnings, cheaper food, increase in agricultural and household assets, and favorable impacts on equity through better nutrition, education, and access to basic services. Saleth et al. (2009) developed a conceptual framework to model the influence of irrigation on poverty. This framework shows pathways and layers inherent in irrigation-poverty nexus. Namara et al. (2010) suggested that the net impact on poverty may depend on individually and/or synergistically on the working of these pathways. Saleth et al. (2009) , having two cross-sections, suggested systems of equations as an empirical model to estimate the impact of irrigation on poverty. Van den Berg and Ruben (2006) , using panel data, also suggested the use partial and general equilibrium framework to estimate the impact of irrigation on poverty and income distribution. Since we have a cross-sectional data assessing the general equilibrium effect and disentangling which pathway is effective is difficult instead we used matching econometrics and standard poverty analysis techniques in this article, both using matched data, to assess the effect of irrigation on higher income and consumption expenditure.
Analytical Approaches: impact assessment methodology
A method widely used by economists to obtain bias corrected estimates has been instrumental variable estimation. In the context of the impact evaluation problem, instrumental variables are variables that affect program placement but not outcome (Khandker et al., 2010) . In other words, an instrument variable must be correlated with the treatment decision and must not belong to the outcome equation. These variables, if available and identified, can be used to obtain unbiased estimates. In most cases it is hard to get the right type of variables (which can be continuous or discrete) to be used as instrumental variables capable of capturing the problem of endogeneity. If properly identified, however, such regressors will result in unbiased estimates through methods like the Two-Stage Least Squares (2SLS) where the first stage is used to estimate the determinants of participation, which will then be used to correct for selection bias in the second stage.
The first stage (assuming a single instrumental variable) equation can be estimated by:
where Zis the instrument variable, X i are the control variables, D * i is an estimated latent variable, and D i is its observable counterpart. The outcome equation can be estimated as
However, for Zto be used as an instrumental variable two conditions need to be satisfied: (i) The instrumental variable should not be correlated with the error term; that is,
(ii) Z should be correlated with D i ; that is,
These conditions indicate that Z should have no partial effect on Y i and that is should not be correlated with unobserved factors that affect Y i . The second assumption that cov(Z, D i ) = 0 can be tested by running Eq. (1). If the coefficient of Zis significant, it shows that the two are indeed correlated. However, the first condition that cov(Z, ε i ) = cov (Z, υ) = 0 needs to be maintained by "appeal to economic logic or introspection" (Wooldridge, 2006, p. 512) . But, it is usually difficult to find a good instruments and the instruments that could be correlated with unobserved characteristics (Khandker et al., 2010; Wooldridge, 2002) .
Another method is Difference in Difference (DD) where data on participants and nonparticipants collected both before (first difference) and after (second difference) program implementation and is used to compare and estimate program impact. Since it may not be possible to determine who will participate and who will not participate in the program, it is an advantage to have a good understanding of the program while conducting the baseline survey so that a proper guess can be made as to who will be exposed to the treatment and who will not. One or more follow up surveys will then be conducted; the mean results of the outcome indicator for the treated and nontreated will be used to estimate impact through the differences in the mean outcome of interest (Khandker et al., 2010; Ravallion, 2008) . Symbolically,
where the subscripts 'a' and 'b' are used to denote 'after' and 'before' intervention, respectively. The DD treatment effect can also be written as
DD requires panel data, besides other concerns (see Khandker et al., 2010) , and thus, needs additional time and cost. The easiest and most appropriate methodology having cross sectional data is matching.
Matching econometrics provides a promising tool to find comparable groups of treated and control groups, that is, users and nonusers of AWM technologies (Khandker et al., 2010; Ravallion, 2003) . We think of having access to AWM technologies as a binary treatment, income per capita as an outcome, and households having these technologies as a treatment group and nonuser households as a control group. Matching estimators aim to combine (match) treated and control group households that are similar in terms of their observable characteristics in order to estimate the effect of participation as the difference in the mean value of an outcome variable. Matching is a method widely used in the estimation of the average treatment effects 1 (Khandker et al., 2010) of the treated (ATT) of a binary treatment on a continuous scalar outcome. It uses nonparametric regression methods to construct the counterfactual under an assumption of a selection on observables. We used observable household characteristics such as characteristics of household head, land, livestock and labor endowment, access to credit and village-level covariates that may influence choice of participation in the intervention (e.g., choice of AWM technologies) but not necessarily influenced by the intervention (For details see Becker and Ichino, 2002; Dehejia and Wahba, 2002; Ravallion, 2001 Ravallion, , 2003 .
Following the literature of program evaluation, let Y 1 is the per capita income when household i is subject to treatment(C = 1) and Y 0 the same variable when a household is exposed to the control(C = 0). The observed outcome is then
When C = 1we observe Y 1 ; when C = 0 we observe Y 0 . Our goal is to estimate the ATT of using AWM technologies (i.e., those households who have access to the technologies). It is defined as
The evaluation problem is that we can only observe E(Y 1 |C = 1); however, E(Y 0 |C = 1) does not exist in the data, since it is not observed. A solution to this problem is to create the counterfactual E(Y 0 |C = 1) (what would have been the income of households with access to AWM technologies had they not had access (or the converse)), by matching treatment and control households. As discussed by Heckman (2001) a critical assumption in the evaluation literature is that no-treatment state approximates the no program state.
2 For matching to be valid certain assumptions must hold. The primary assumption underlying matching estimators is the Conditional Independence Assumption (CIA). CIA stated that the decision to adopt is random conditional on observed covariatesX. In notation,
This assumption imply that the counterfactual outcome in the treated group is the same as the observed outcomes for nontreated group
This assumption rules out selection into the program on the basis of unobservables gains from access. The CIA requires that the set ofX s should contain all the variables that jointly influence the outcome with no-treatment as well as the selection into treatment. Under the CIA, ATT can be computed as follow
Matching households based on observed covariates might not be desirable or even feasible when the dimensions of the covariates are many. To overcome the curse of dimensionality, Rosenbaum and Rubin (1983) show that instead of matching alongX, one can match alongP (X), a single index variable that summarizes covariates. This index is known as propensity score (PSM). It is the conditional probability that household iadopts AWM technologies given covariates
The ATT in Eq. (10) can then be written as
The intuition is that two households with the same probability of adoption will show up in the treated and untreated samples in equal proportions. The propensity score (pscore) is estimated by a simple binary choice model; in this article a binary logit model is used. Once the pscore is estimated, the data is split into equally spaced intervals (also called common support) of the pscore. Within each of these intervals the mean pscore and of each covariate do not differ between treated and control plots. This is called the balancing property. If the balancing property is not satisfied higher order and interaction terms of covariates can be considered until it is satisfied. In our case the balancing property is met without considering the covariates of higher order and interaction terms.
Since pscore is a continuous variable exact matches will rarely be achieved and a certain distance between treated and untreated households has to be accepted. To solve this problem, treated and control households are matched on the basis of their scores using nearest neighbor, kernel, and stratification matching estimators. For detail algorithm of pscore matching see Dehejia and Wahba (2002) .
These methods identify for each household the closest propensity score for each household in the opposite technological status; then it computes investment effect as the mean difference of household's income between each pair of matched households. For details of these methods we refer to Becker and Ichino (2002) who also provided the STATA software code we used in this article.
Compared to traditional regression methods, the estimated variance of the treatment effect in PSM should include the variance attributable to the derivation of the propensity score, the determination of the common support, and (if matching is done without replacement) the order in which treated individuals are matched (Caliendo and Kopeinig, 2008) . Failing to account for this additional variation beyond the normal sampling variation will cause the standard errors to be estimated incorrectly (see Heckman, et al., 1997) . One solution is to use bootstrapping (Efron and Tibshirani, 1993; Horowitz, 2003) . Formal justification for bootstrap estimators is limited; however, because the estimators are asymptotically linear, bootstrapping will likely lead to valid standard errors and confidence intervals (Imbens, 2004) .
One limitation of the matching based on observables is that endogenous program placement due to purposive targeting based on unobservables will leave bias (Ravallion, 2001 ).
Thus we sought whether the outcome of the adoption is sensitive to unobserved selection bias using the Rosebaum bounds procedure (Rosebaum, 2002; DiPrete and Gangle, 2004; Becker and Caliendo, 2002) .
Poverty analysis
When estimating poverty following the money metric approach, one may have a choice between using income or consumption as the indicator of welfare. Most analysts argue that, provided the information on consumption obtained from a household survey is detailed enough consumption will be a better indicator of poverty measurement for many reasons than income (Coudouel et al., 2002) . Hence, in this article we estimate poverty profiles using expenditure adjusted for differences in household characteristics. The novel feature of our approach is that we used matched observations (i.e., treatment and control). We used the Foster-Greer-Thorbecke (FGT) class of poverty measures to calculate poverty indices (Foster et al., 1984) . The FGT class of poverty measures has some desirable properties (such as additive decomposability), and these measures include some widely used poverty indices such as the head-count and the poverty gap measures, etc. The poverty measure is given as follows
where z denotes the poverty line, andα is a nonnegative parameter indicating the degree of sensitivity of the poverty measure to inequality among the poor. It is usually referred to as poverty aversion parameter. Higher values of the parameter indicate greater sensitivity of the poverty measure to inequality among the poor. The relevant values of α are 0, 1, and 2. Following Duclos et al. (2006), we calculated the relevant values of α where α is equal to 0, 1, and 2. When α = 0 the equation measures the poverty incidence or the head count ratio, that is, the proportion of the poor to the total population; α = 1 measures depth of poverty, the distance separating the poor from the poverty line (poverty gap) and when α = 2 measures poverty severity or squared poverty gap. The latest takes into account not only the distance separating the poor from the poverty line, but also the inequality among the poor.
The poverty line acts as a threshold, with households falling below the poverty line are considered poor and those above the poverty line considered nonpoor. We used an inflationadjusted (NBE, 2009) or types of AWM technologies and their withdrawal or application technologies and regional dummies. The poverty profiling is particularly important as what matters most to policymakers is not so much the precise location of the poverty line, but the implied poverty comparison across subgroups. We calculated these indices using STATA 10 and tested for difference between poverty profiles between groups following approaches suggested by Kakwani (1993) and Davidson and Duclos (2000) .
Dominance tests
Poverty comparisons can, however, be sensitive to the choice of the poverty line. The important issue in a poverty analysis is that the poverty line yields consistent comparisons (Ravallion, 1994) . Stochastic tests used to check the robustness of ordinal poverty comparisons prove to be useful in a poverty analysis (Atkinson, 1987) . The idea of standard welfare dominance is to compare distributions of welfare indicators to make ordinal judgment on how poverty changes (spatially, inter-temporally or between groups) for a class of poverty measures over a range of poverty lines (Ravallion, 1994; Davidson and Duclos, 2000) . Hence, we need to undertake ordinal poverty comparisons using stochastic dominance tests and check the robustness of the poverty orderings.
Determinants of poverty
Last but not least, we identified the correlates of poverty using matched data, to see the effect of other factors, besides AWM technologies, on poverty. Within a microeconomic context, the simplest way to analyze the correlates of poverty is to use a regression analysis against household and demographic factors, specific individual/household head characteristics, asset holdings, village level factors, and access to services (markets, credit, AWM technologies, extension, etc) and regional dummies (for details see Coudouel et al., 2002; Wodon, 1999) . In this regression, the logarithm of consumption expenditure (divided by the poverty line) is used as the left-hand variable. The right hand variables include: (a) household head characteristics, including sex, level of education (using five tiered categories), primary occupation of the household (farming vs. nonfarming) and consumer-worker ratio; (b) asset holding: oxen holding, livestock size (in TLU 4 ) and farm size, adult labor (by sex) all in per adult equivalent terms; (c) access to different services and markets: credit, nonfarm employment, access to market proxied by distance to input markets, seasonal and all weather roads, distance to major urban markets; and (d) regional dummies and village level characteristics mainly agro-ecology.
The β coefficients in this regression are the partial correlation coefficients that reflect the degree of association between the variables and levels of welfare and not necessarily their causal relationship. The parameter estimates could be interpreted as returns of welfare to a given characteristics (Coudouel et al., 2002; Wodon, 1999) while controlling for other covariates, the so-called ceteris paribus condition. We used regression techniques to account for the stratified sampling technique and, hence, adjust the standard errors to both stratification and clustering effects (Deaton, 1997; Wooldridge, 2002) and thereby to deal with the problem of heteroskedasticity. We also tested for other possible misspecifications (e.g., multicollinearity) using routine diagnostic measures.
Data and description the study site
This study is part of a comprehensive study on AWM technologies in Ethiopia. The study includes inventory of AWM technologies and practices in Ethiopia and an assessment of the poverty impacts of most promising technologies, the focus of this study being on the latter. The study was conducted from October to December 2007 and was implemented by the International Water Management Institute (IWMI). The data were collected for the 2006/2007 for two crop seasons.
The socio-economic survey data, on which this study is based, are gathered from a total sample of 1,517 households from 30 Peasant Associations 5 (PAs) in four regional states (see Fig. 1 ). Villages (also called PAs) were selected purposively because of the prevalence of selected technologies (see 5 A Peasant Association on average covers 800 ha of land and is the lowest rural administrative unit in Ethiopia. It is also known as a Kebele. Loulseged et al., 2008) and each village is assumed to have similar observable characteristics such as climate, distance to district capitals, and infrastructure.
Then households from each PA were selected randomly, after the households in each PA were stratified into those with access and without access, following a proportional sampling approach. Details of the sample households by type of technologies from the four regions are given below in Table 1 .
Results and discussions
In this section, we report the results of the statistical summary of important variables, including their test statistics, matching estimates of the average treatment effects, poverty profiles of users and nonusers and decomposition by different technologies (water storage, withdrawal, application types and regional dummies), results of the dominance tests and correlates of poverty, using matched data.
Summary statistics
As could be seen from the separation test (Table 2) , there is a statistically significant difference in agricultural income (both crop and livestock) among users and nonusers of AWM technologies. Those with access to AWM technologies were found to use higher farm inputs and have significantly higher share of their produce supplied to the market implying increased market participation. Accordingly, the value of fertilizer, seed, labor, and insecticide used were significantly higher for users of AWM technologies than for nonusers. However, the size of loan received from micro-finance institutions was significantly higher for nonusers of AWM technologies than for users. Nevertheless, this may imply that because of access to AWM technologies, there is increased intensification of agriculture. This is expected to have wider effects on the economy, for example, on input and factor markets. Not surprisingly, users were also found to have significantly higher asset endowments such as female adult labor, livestock (in TLU), and landholding, which may imply that those with higher livestock and labor holdings have access to AWM technologies. Average oxen holding were higher among nonuser than users, however. The separation test indicated that there are no significant differences in mean consumption expenditure per adult equivalent, incidence of food shortage, and size of nonfarm income between those with access to AWM technologies and those without. We systematically analyze if access to AWM technologies has led to significant effects on income and consumption expenditure (in both cases by creating comparable groups) in the subsequent sections.
Average treatment effects
The matching estimates using various algorithms show there is a significant effect on household income because of using AWM technologies. Out of 1,517 households only about 946 are comparable in the nearest neighbor estimator, although more on other estimators. The common support region is between 0.3671 and 0.8334 and the balancing property is also satisfied. With in the common support region the observed characteristics of users and nonusers are similar (for details see Khandker et al., 2010) . The estimated ATT is also positive in all the cases and is about Br 780 (equivalent to US$82) per season (see Table 3 ). This indicated that access to AWM technologies has lead to significant increase in per capita income. Bootstrapped standard errors are reported in the tables.
These technologies do not have the same distribution in the four regions: shallow wells are predominant in all four regions, deep wells in Amhara and Oromia, ponds in Tigray and SNNPR, river diversions in Amhara and Tigray, and small dams and We now turn to poverty analysis using consumption expenditure per adult equivalent.
Poverty profiles and decomposition
Using the absolute overall poverty line of Br 1821.05, the matched observations, that is, comparable users and nonusers, show that 47% are poor. On the other hand, about 62% of the individuals were identified as poor using unmatched data, implying that there are 24.2% less poverty. In other words, individuals with access to AWM technologies are in a better position to meet their consumption requirements, food and nonfood. There is also a significant difference in poverty gap and severity of poverty among users and nonusers, implying that access to AWM technologies are effective instruments to narrow the poverty gap and inequality (see Table 4 ).
We disaggregated users by the type of AWM technologies to measure the poverty impact of specific technologies. As could be seen from Table 4 , all technologies, except shallow wells, were found to have significant poverty reducing impacts. Over all, small dams, deep wells, and river diversions seem to have higher poverty impacts compared to ponds and shallow wells perhaps largely due to reliability and scale benefits. In general, micro-dams, deep wells, river diversions, and ponds have led to about 37%, 26%, 11%, and 9%, respectively reduction in incidence poverty compared to the matched data (also called the reference). Those using in situ AWM technologies are found to have the same level of poverty in terms of the headcount, poverty gap, and severity of poverty indices compared to the reference.
We also considered disaggregating poverty levels by type of water withdrawal and application technologies. The most common withdrawal and application mechanisms include gravity flooding (63.3%), manual flooding (33.7%), treadle pump (6.7%), and motor pump (8.4%). Sprinkler (0.20%) and drip (0.20%) are hardly practiced although there are signs of households picking up these technologies gradually. Accordingly, those using motor pumps were found to have a significantly lower poverty incidence, than treadle pump users. In fact, as a result of using motorized pumps, the incidence of poverty is reduced by more than 43%, mainly due to increased water availability and scale benefits. As far as water application technologies are concerned, households using gravity flooding were found to have a significantly lower poverty incidence than those using manual (using cans) applications-44%. Furthermore, we disaggregated poverty by the type of water use, that is, whether water is used for supplementary or full irrigation. Our results show that those using AWM technologies for full irrigation have a significantly lower poverty incidence-about 19%-than those who generally have access to AWM technologies Notes: gamma, log odds of differential assignment due to unobserved factors; sig+, upper bound significance level; sig-, lower bound significance level; t-hat+, upper bound Hodges-Lehmann point estimate; t-hat-, lower bound Hodges-Lehmann point estimate; CI+, upper bound confidence interval (a = 0.95), CI-, lower bound confidence interval (a = 0.95).
(matched data). This implies that supplementary irrigation, although expected to contribute to poverty reduction; a significant contribution comes, however, from full irrigation. System reliability and scale benefits seem to be the most important drivers of poverty reduction. This will have an important implication on technology choice for an effective poverty reduction. The regional decomposition of poverty shows that users of AWM technologies in Oromia and Amhara have significantly lower poverty levels in incidence, depth, and severity of poverty than users in Tigray and Southern Nations, Nationalities and People's Region (SNNPR). This may show the successful use of AWM technologies in Oromia and Amhara and having a significant impact on poverty reduction. This could also be related to differences in base poverty among regions (MOFED, 2006) , better input, output and factor markets access, but it needs further analysis why this is the case. The differences in poverty profiles between the different categories, indicated earlier, following Kakwani's (1993) approaches are statistically significant (the results are not shown here).
The sensitivity analysis shows that the null hypothesis that the outcome is related to unobserved covariates is rejected. Unobserved covariates have no effect on the outcome even when e γ increases to 2.0 (see Table 5 ). There is hardly any reason to believe that these interventions are purposively placed as the potential of the technologies is conditioned more by natural factors (e.g., availability of water, agro-ecology, topography, etc.) than by socio-economic preconditions, which is observed.
Dominance test results
This analysis used unmatched data since the purpose is to check the robustness of ordinal poverty comparisons between users and nonusers by varying the poverty line. Comparing the headcount ratios between users and nonusers of AWM technologies, the different orders of stochastic dominance tests established unambiguously that poverty is significantly lower among users than among to the nonusers. Similarly, in terms of the depth and severity of poverty, the second-and third-order stochastic dominance tests showed that there is a significant difference in poverty gap and severity between users and nonusers (see Fig. 2 ). The results are robust for the different poverty lines considered. The results are valid when the poverty profiles are disaggregated by type of technology (except shallow wells). Hence, we could conclude from the analysis in general that access to AWM technologies was not only poverty-reducing but also inequality-reducing, as could be seen from the third-order stochastic dominance.
Poverty correlates
The results of the regression analysis on correlates of poverty are reported below. The F-test results indicate that the hypothesis of no-significant β coefficient (except the intercept) is rejected; the coefficients are jointly significantly different from zero. As could be seen from the results in Table 6 , most of the coefficients are significantly different from zero. The R 2 indicates that about 33% of the variation in the model is explained by the chosen model. Given the data used are survey data, this measure is not atypical.
Reporting on the significant variables, water input from AWM technologies has a significant effect on household welfare. Particularly, households that use AWM technologies for supplementary or full irrigation have a significantly better welfare compared with those that depend on rain-fed agriculture. This result corroborates the evidence we found earlier on the positive and poverty reducing impact of AWM technologies in Ethiopia.
Distance to water source has also a negative and significant effect on household welfare which may imply that those with access to water close to home are better off. This underlines the fact that access to water for productive and consumptive uses, poverty reduction and sustainable livelihoods for rural people is intimately linked (IWMI, 2007) . Access to input and output, capital, off-farm employment markets and distance to district market and to all weather roads, is found to have an insignificant effect on household welfare when we include the regional dummies in the model implying that the two variables are correlated. While controlling for all other variables, households with more asset-holdings are found to have a significantly higher welfare (i.e., less poverty). This is particularly true with livestock size (in TLU) other than oxen-holding. On the other hand, households with more oxen-holding and adult labor endowment, both male and female, are found to have a significantly lower welfare. This could be indicative of overstocking of oxen and the high level of rural unemployment prevalent in Ethiopia and the poor functioning of the labor market. The average land size may not require oxen holding as observed although holding of oxen is not only justified by the need for traction power, which is exacerbated by the absence of functioning oxen market, but by social status, as well. There are more adults, both male and female, in the rural setting than can be absorbed by average land holding and rural employment creation is minimal. Rural underemployment and overstocking of oxen is pervasive in the country side contributing negatively to welfare improvement in Ethiopia.
Ceteris paribus, a few household-level covariates and agroecology (a village-level covariate) were also found significant in explaining household welfare. Accordingly, the age of the household head has a negative effect on household welfare and the marginal effect increases with age as we could see from the nonlinear age coefficient. Our results also show that households with more dependents (i.e., higher consumer-worker ratio) are worse off. Educational attainment of the household head has also a positive and significant effect on household welfare. Accordingly, compared to illiterate household heads, households with informal education (church and literacy program) and who had completed primary education have a significantly positive effect on household welfare. The coefficients for those who have completed junior and high school education have also the expected positive sign but were not significant. Contrary to the usual expectation, we did not find a significant difference between male-and female-headed households in terms of welfare while controlling for all other relevant factors.
Agro-ecology, which could be a good proxy of the differences in rainfall of a geographical area, was found to have a significant correlation with welfare. Accordingly, households located in upland were found to have a lower welfare compared to those located in the lowlands.
Regional dummies, which capture agricultural potential of the geographical area, population density and market access turn out to be significant. Accordingly households in Amhara region and Oromia region have higher welfare but households in SPNNR have lower welfare compared to households in Tigray region.
Conclusions and recommendations
AWM technologies have been identified as important tools to mitigate adverse effects of climatic variability and to reduce poverty. Huge resources are being allocated to develop and promote diverse low-cost water technologies in many developing countries including Ethiopia. In the last few years, thousands of low-cost AWM technologies have been developed for use by smallholders. In spite of these huge investments, their impacts was not systematically assessed. The main objective of this article was, hence, to assess the average treatment effect of AWM technologies on the treated; explore whether the adoption of selected AWM technologies, categorized by type, has led to significant reduction in poverty and, if so, to identify which technologies have a relatively higher impact. The importance of such a study is to identify technologies that are promising for future investments.
One of the novel features of this article is creating comparable groups of treatment and control groups. Accordingly, our results indicated that the average treatment effect of using (Ravallion, 2005) . We also found that the poverty orderings between users and nonusers are statistically robust. The magnitude of poverty reduction is found to be technology specific. Accordingly, deep wells, river diversions, and microdams have led to, respectively, 37%, 26%, and 11% reduction in poverty incidences compared to the reference, that is, the rain-fed system. This may imply that there is a need to promote more small dams, deep wells, and river diversions, given that there is potential, for higher impact on poverty reduction. The policy decision to exploit groundwater potential is in the right direction.
The use of modern water withdrawal technologies (treadle pumps and motorized pumps) was also found to have strong poverty-reducing potential. Households using motorized pumps were found to have led to more than a 44% reduction in the incidence of poverty. Similarly, households using gravity irrigation were found to have significantly lower poverty levels compared to those using manual (using cans) applications because of scale benefits. This implies that promotion of modern water withdrawal and application technologies could enhance poverty reduction.
While access to AWM technologies seems to unambiguously reduce poverty, our study also indicated that there are a host of factors that could enhance this impact. The most important determinants include asset-holdings, educational attainment, and optimal utilization of family labor. To enhance the contribution of AWM technologies to poverty reduction, there is, hence, a need to build assets; develop human resources; and improve the functioning of labor markets. Our results are supported by other studies (Hanjra and Gichuki, 2008; Hanjira et al., 2009 ). These areas could provide entry points for policy interventions to complement improved access to AWM technologies in Ethiopia. Moreover, care is needed in the choice and promotion of technologies that are not only reliable and have scale benefits and resilient to climatic change and variability.
There is less impact of AWM technologies in Tigray and SNNPR perhaps due to differences in base poverty among regions, better market access, both input and output markets, and off-farm employment opportunities. But further research is needed to investigate this. this study. We are also grateful for the many respondents, data collectors, and supervisors for taking their time to respond to, record appropriately, and cross-check the lengthy questionnaire. The views reflected in this study are solely those of the authors.
